Abstract: An electroencephalogram (EEG) is an electrical signal in microvolts captured noninvasively from the brain, which provides important and unique information about the brain. The frequency of an EEG signal lies between 0 and 100 Hz. Decomposition of an EEG signal into various bands such as alpha, beta, delta, theta, and gamma is essential in seizure-related studies. EEGs play a key role in the diagnosis of epileptic seizures and neurological disorders. In this paper, multiple wavelet families for decomposition and reconstruction are explored and are compared based on risk functions and reconstruction measures. While dealing with the wavelets it is a difficult task to choose the correct/accurate wavelet for the given biosignal analysis. Various statistical properties were studied by the authors to check the suitability of various wavelets for normal and diseased EEG signal decomposition and reconstruction. The methodology was applied to 3 groups (63 subjects) consisting of both sexes and aged between 1 and 80 years: 1) normal healthy subjects, 2) patients with focal seizures, and 3) patients with generalized seizures. Our result shows that the Haar and Bior3.7 wavelets are more suitable for normal as well as diseased EEG signals, as the mean square error, mean approximate error, and percent root mean square difference of these wavelets are much smaller than in other wavelets. The signal-to-error ratio for Haar and Bior3.7 was much higher than in any other wavelet studied.
Introduction
An electroencephalogram (EEG) represents the entire brain dynamics in the form of an electrical signal captured from the surface of the head. It is the superimposition of various processes related to the brain. The amplitude of the EEG signal is in microvolts (200 µ V). The amplitude, frequency, and characteristics of an EEG signal change from one state to the other, and with age. An EEG is decomposed mainly into 5 subbands: delta (0-4 Hz), occurring during deep sleep, during childhood, and in serious organic brain diseases; theta (4) (5) (6) (7) (8) , occurring in childhood, during emotional stress; alpha (8) (9) (10) (11) (12) (13) , occurring in a normal person in an awake state; beta (13) (14) (15) (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) (26) (27) (28) (29) (30) , affected by mental activity; and gamma (above 30 Hz) [1, 2] . Instead of studying the complete EEG, EEG subband-related information yields more accurate information about the underlying neuronal activities [3] .
Materials and methods
Traditional Fourier transform can be used for the feature extraction of EEG, but it works well for the whole-time series of a stationary signal [4, 5] . In this paper a wavelet filter is used for the subband decomposition as it has various advantages such as time-frequency localization, scale-space analysis, flexibility, and multirate filtering. Over the length of a signal, variable window size can be applied in the wavelet transform (WT). Depending on the signal specifications, this allows the wavelet to get stretched or compressed [6, 7] . This makes WT a very popularly used feature extraction technique for nonstationary signals, such as EEGs [8, 9] . There are two types of WT: continuous wavelet transform (CWT) and discrete wavelet transform (DWT) [10, 11] .
CWT: Continuous wavelet transform
Here ' ψ ' is the mother wavelet, 'a' is a time shift, and 'b' modulates the width.
DWT: Discrete wavelet transform
The DWT means selecting a subset of scales 'a' and positions 'b' of the mother wavelet 'ψ (t)' [12, 13] . While dealing with the wavelets the most important concern is how to choose the correct/accurate wavelet for the analysis of a given signal or image. All wavelets can be applied to a given signal/image for its analysis, but the results obtained from each wavelet would differ a bit and might or might not be acceptable depending on the application requirement. The authors have applied various wavelets for analysis and synthesis of an EEG signal to study various risk characteristics.
Wavelet family
Haar is the simplest and oldest of the wavelet family. The most widely used wavelet in signal processing is the Daubechies; it is also called the modified Haar wavelet. Haar, Daubechies, Coiflet, and Symlet are the orthogonal wavelets capable of almost perfect reconstruction of a signal. Generally, a wavelet is selected based on the shape of the mother wavelet and its ability to analyze the signal [14, 15] . Specifications of the wavelet family are as shown in Table 1 . Table 1 . Specifications of the wavelet family [16] .
Property Haar db Coiflet Symlet Bior Discrete wavelet transform
√ √ √ √ √ Continuous wavelet transform √ √ √ √ √ Orthogonal analysis √ √ √ √ Biorthogonal analysis √ √ √ √ √ Near symmetry √ √ √ Asymmetry √ √
Analysis and synthesis
Decomposition of a signal known as analysis and reconstruction of a signal is called synthesis [16] . Figure 1 shows the diagrammatic representation of decomposition and reconstruction of a signal. 
Analysis
EEG signal decomposition is carried out by employing multiresolution analysis using complementary low pass (CA) and high pass (CD) filters to obtain progressively finer signal details. Table 2 shows the EEG subband decomposition and corresponding frequency for each subband. DWT is used for the decomposition. It works as a filter to divide the signal into bands at each specific level known as detailed and approximate components [17, 18] . The output CD is known as the detailed component and output CA is known as the approximate component. After the 1st level of decomposition HIGH and LOW level components of the EEG signal are obtained. The LOW level component is further decomposed to obtain HIGH and LOW level components. In this paper a 6-level decomposition is explained for 6 different wavelets. The number of decomposition levels depends on sampling frequency of the signal and bandwidth. Six-level EEG signal decomposition is shown in Figure 2. 
Synthesis
Reconstruction of a decomposed signal is known as synthesis. It is the reverse of decomposition, and is achieved by inverse discrete wavelet transform (IDWT). IDWT reconstructs the EEG signal from the given coefficients by performing 6 levels of inverse discrete wavelet transform. Figure 3 shows the reconstructed EEG signal.
Database collection
The authors have used the web-based freely available EEG database published by Karunya University, Coimbatore, India. The database consists of real EEG signals of normal subjects and focal and generalized epileptic seizures captured from patients of the age group between 1 and 107 years. It is a 16-channel EEG recording with 250 Hz of sampling frequency [19] . The study was carried out by the authors on 63 subjects aged between 1 and 80 years.
Results
Decomposition and reconstruction of an EEG signal (normal, focal epilepsy, and generalized epilepsy) using Haar, Symlet, Coiflet, db18, Bior3.7, and Rbio 6.8 is shown below. Six levels of decomposition are carried out to extract all the required EEG subbands. Figures 4-6 show the EEG signal (normal EEG, EEG with focal seizures, and EEG with generalized seizures) decomposition by Haar and other wavelets. Six levels of reconstruction were carried out to compose the original EEG signal from the decomposition levels. Figure 7 and Figure 8 show the reconstruction of an EEG signal.
Statistical features: MSE, MAE, SER, and PRMSD
Six wavelets were applied to the EEG data for analysis and synthesis. When more than one wavelet is applied to the data, a situation arises where it becomes important to decide which one is the best suited. Risk function or mean square error (MSE) is the property of data that measures the average squared difference between the actual signal and the reconstructed signal. Mean absolute error (MAE) is also a measure to know how much deviation is present in the reconstructed signal from the original signal.
Normal EEGs and epileptic EEGs (focal or generalized) are used to evaluate the performance of a wavelet. Table 3 shows the performance analysis of various wavelets. The calculations of mean square error and mean absolute error are shown for normal and epileptic EEGs. The maximum error between the original EEG and reconstructed EEG using Haar wavelet is 1.2294e-013, while error by using Bior3.7 wavelet is 1.5101e-013. It shows that the maximum error introduced during reconstruction by both wavelets is almost the same, which is lower than the rest of the wavelets studied in this paper. The error, MSE, and MAE for various wavelets are shown in Table 3 . Signal-to-error ratio (SER) is estimated as the power of the original signal divided by the power of the error signal and then it is converted into dB by applying a logarithmic scale. Percent root mean square difference (PRMSD) without considering the mean is estimated for normal and epileptic EEGs using 6 wavelets. It is one of the most commonly used distortion measures. PRMSD can also be calculated by considering the mean value of the signal. Reconstruction fidelity by pointwise comparison of original data and the reconstructed data is given by the PRMSD. Numerical measure of the residual root mean square error (RMS) is provided by the PRMSD.
EEG signal : Root mean square amplitude of original EEG signal.
ERROR signal : Root mean square amplitude of error signal.
SER and PRMSD by 6 wavelets is shown in Table 4 . MSE, MAE, SER, and PRMSD for each level of EEG reconstruction using Haar wavelet and Bior3.7 wavelet are shown in Table 5 and Table 6 respectively. Good SER is achieved using Haar and Bior3.7 wavelets, and PRMSD is also lower for these two wavelets. 
Discussion
An EEG signal can be categorized into symmetric, orthogonal, nonstationary, and compact [20] . Many advantages of wavelet transform over the other transforms such as Fourier and autoregressive models made us apply the wavelet to an EEG signal for analysis and synthesis [21] . Wavelet transform provides a multiresolution description of a nonstationary EEG signal. At low frequencies it represents good frequency resolution and at high frequencies it gives better time resolution. Selection of the correct mother wavelet plays a very important and crucial role [22] . Six wavelets were selected based on various properties such as symmetry, near symmetry, orthogonality, biorthogonality, and possibility of CWT/DWT. The importance of maintaining the similarity between the biosignal and the mother wavelet is verified as the work is carried out. Daubechies is a modified Haar wavelet, which is highly asymmetric. The Symlet and Coiflet family is also designed by the Daubechies to be a symmetrical wavelet with compact support. Bior and Rbio are symmetric wavelets with very compact support [23] . The nature of the Haar wavelet resembles a step function, which does not match with the nature of EEG signals, while the nature of Bior3.7 matches the EEG signal's nature. Mean and standard deviation in the performance parameters like MSE, MAE, PRMSD, and SER are shown in Table 7 . 
Conclusion
To check the suitability of various mother wavelets based on statistical properties, they were applied to a total of 63 normal and epileptic real EEG signals for analysis and synthesis. The EEG signal contains sharp spikes, and db and Haar wavelets cannot completely reveal the characteristics of impulsive components. The result shows that Haar and Bior3.7 wavelets show better reconstruction of an EEG signal (normal as well as diseased) as compared to any other wavelet. This shows that near symmetric or symmetric wavelets are more suitable for EEG signal analysis. Statistical features like MSE and MAE improvements or SER and PRMSD are measured and compared during analysis and synthesis of normal EEGs and EEGs with generalized and focal seizures. Better results of analysis and synthesis for normal and diseased EEGs were obtained using Haar and Bior3.7 wavelets. This shows that the similarity between the nature of the mother wavelet and the biosignal should not always be the only important criterion for signal processing, but that optimization of various statistical parameters and the knowledge about the features need to be studied, and will help the user in selecting the suitable wavelet. It is always recommended to check the suitability of more than one wavelet for the given data. Other statistical features like PSD and SNR can also be applied to subbands of EEG signals to classify normal and epileptic EEGs.
